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A B S T R A C T   
Monitoring the spatiotemporal dynamics of surface water from remote sensing imagery is essential for under-
standing water’s impact on the global ecosystem and climate change. There is often a tradeoff between the 
spatial and temporal resolutions of imagery acquired from current satellite sensors and as such various spatio-
temporal image fusion methods have been explored to circumvent the challenges this situation presents (e.g., 
STARFM). However, some challenges persist in mapping surface water at the desired fine spatial and temporal 
resolution. Principally, the spatiotemporal changes of water bodies are often abrupt and controlled by topo-
graphic conditions, which are usually unaddressed in current spatiotemporal image fusion methods. This paper 
proposes the SpatioTemporal Surface Water Mapping (STSWM) method, which aims to predict Landsat-like, 30 
m, surface water maps at an 8-day time step (same as the MODIS 8-day composite product) by integrating 
topographic information into the analysis. In addition to MODIS imagery acquired on the date of map prediction 
and a pair of MODIS and Landsat images acquired temporally close to the date of prediction, STSWM also uses 
the surface water occurrence (SWO, which represents the frequency with which water is present in a pixel) and 
DEM data to provide, respectively, topographic information below and above the water surface. These data are 
used to translate the coarse spatial resolution water distribution representation observed by MODIS into a 30 m 
spatial resolution water distribution map. The STSWM was used to generate an 8-day time series surface water 
maps of 30 m resolution in six inundation regions globally, and was compared with several other state-of-the-art 
spatiotemporal methods. The stratified random sampling design was used, and unbiased estimators of the ac-
curacies were provided. The results show that STSWM generated the most accurate surface water map in which 
the spatial details of surface water were well-represented.   
1. Introduction 
Water is a key land cover type on the Earth’s surface, and its 
spatiotemporal dynamics have major interactions with environmental 
systems and processes (Holgerson and Raymond, 2016; Vorosmarty 
et al., 2000). Accurate monitoring of the spatiotemporal changes in the 
surface water is critical to activities such as the management of lakes, 
rivers, and coastal shorelines (Pekel et al., 2016). Remote sensing has a 
key role in monitoring the spatiotemporal dynamics of surface water at a 
range of scales. Data from systems such as the National Oceanic and 
Atmospheric Administration (NOAA) Advanced Very High Resolution 
Radiometer (AVHRR) (Dietz et al., 2017), Moderate Resolution Imaging 
Spectro-radiometer (MODIS) (Pekel et al., 2014), and Landsat sensors 
(Mueller et al., 2016; Ogilvie et al., 2018; Pekel et al., 2016; Pickens 
et al., 2020; Tulbure et al., 2016) have been widely used to study surface 
water. 
Although satellite remote sensing has greatly facilitated surface 
water monitoring in recent years, a major challenge is associated with 
the common tradeoff between the spatial and temporal resolutions of 
sensing systems (Belgiu and Stein, 2019; Zhu et al., 2018). Generally, 
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popular current remote sensing systems typically provide either imagery 
with a high-temporal and low-spatial resolution (i.e., coarse) or a low- 
temporal and a high-spatial resolution (unless commercial systems are 
employed). For example, MODIS provides imagery with a high-temporal 
(daily) and low-spatial resolution (typically 250–500 m). The latter thus 
tends to limit the ability to accurately map water bodies, especially in 
heterogeneous landscapes. In contrast, Landsat sensors can provide 
imagery with low-temporal (16 days) and high-spatial-resolution (30 m) 
images. The latter is suitable for capturing the fine detail of the surface 
water distribution. However, the 16-day repeat rate that is often 
observed may fail to capture rapid changes in surface water change. For 
example, the global mean duration of floods is less than ten days (Bates 
et al., 2014), limiting the utility of Landsat sensor data in studies of flood 
events. A further limitation of Landsat data is that the probability of 
obtaining a cloud-free image may be low. Cloud contamination results in 
series of missing data in the Landsat images, which becomes a big 
challenge for the Landsat data application in monitoring surface water 
(Ju and Roy, 2008; Zhu and Helmer, 2018; Zhu and Woodcock, 2014). 
In order to map surface water at both fine spatial and temporal 
resolutions, it is often necessary to integrate the high-temporal low- 
spatial resolution data (such as MODIS) with low-temporal high-spatial- 
resolution data (such as Landsat). The Spatial and Temporal Adaptive 
Reflectance Fusion Model (STARFM) (Gao et al., 2006) is one of the first 
spatiotemporal image fusion methods that deal with the tradeoff in the 
spatial and temporal resolutions of imagery acquired by sensors such as 
MODIS and Landsat. STARFM and related algorithms predict a Landsat- 
like reflectance image at MODIS repetition rates (Li et al., 2020a; Wang 
and Atkinson, 2018; Wang et al., 2020; Zhu et al., 2010). Many 
advanced methods have been proposed recently; for instance, the 
spatiotemporal fusion based on virtual image pair-based is particularly 
advantageous when the observed image pairs are temporally far (Wang 
et al., 2020). Spatiotemporal image fusion methods have been explored 
for mapping surface water in recent years. Specifically, spatiotemporal 
image fusion was used to generate Landsat-like multi-spectral images, 
which were then processed using unsupervised, supervised, or object- 
based classification algorithms to derive a surface water map (Chen 
et al., 2018; Dao et al., 2019; Heimhuber et al., 2018; Tan et al., 2019; 
Zhang et al., 2014). Although the high-spatiotemporal-resolution water 
maps can be generated from the fused Landsat-like images, several 
limitations persist. In the temporal domain, the spatiotemporal image 
fusion is more suitable for predicting gradual changes in reflectance 
change caused by variables such as the bidirectional reflectance distri-
bution function (BRDF) and phenological changes (Gao et al., 2006). 
The reflectance change caused by a flood is usually abrupt and 
nonlinear, making predictions from standard spatiotemporal fusion 
methods inaccurate (Zhu et al., 2018). In the spatial domain, spatio-
temporal image fusion does not consider the surface water’s spatial 
distribution in the fusion analysis. 
An alternative method to spatiotemporal image fusion that addresses 
the tradeoff between spatial and temporal resolutions is spatiotemporal 
superresolution (land cover) mapping (He et al., 2020; Li et al., 2015b; 
Ling et al., 2011). Spatiotemporal superresolution mapping does not 
produce Landsat-like reflectance images like STARFM, but directly 
generates land cover maps at high-spatial-temporal resolutions. 
Spatiotemporal superresolution mapping has been developed to 
generate a series of 30 m land cover maps at MODIS temporal resolution 
(He et al., 2020; Li et al., 2017; Li et al., 2019b; Wang et al., 2016). 
Present spatiotemporal superresolution mapping methods are designed 
to map multiple land cover classes and use the spatial dependence 
principle, which assumes spatially close objects are likely to have the 
same class label. The spatial dependence principle is suitable for map-
ping land cover boundaries within the coarse spatial resolution pixel 
(Atkinson, 2009; Fisher, 1997; Ge et al., 2016; Ge et al., 2009; Zhang 
et al., 2008), but may be inappropriate for use with small objects such as 
rivers and roads which have a narrow linear shape and small patch size 
(Li et al., 2019b; Ling et al., 2019). For example, Lin et al. (2020) showed 
that the reach-level bankfall river width in the region of the study was 
smaller than 200 m. Allen and Pavelsky (2015) found 2.39 × 105 km of 
rivers with widths ≥30 m and 1.1 × 105 km of rivers wider than 100 m 
according to the North American River Width (NARWidth) data set. 
Yang et al. (2020a) found that the width of more than 80% of the rivers 
in China was narrower than 350 m. Since the river widths are mostly 
smaller than the MODIS pixel size, spatiotemporal superresolution 
mapping using the land cover spatial dependence principle will be 
inappropriate and this situation will occur most commonly in hetero-
geneous landscapes that are highly fragmented (Ling et al., 2019; Muad 
and Foody, 2012a, 2012b). 
In a region with heterogeneous surface cover, using coarse- 
resolution data (e.g., MODIS) will give rise to the mixed pixel prob-
lem. Thus the integration of sub-pixel scale surface water distribution 
information into the image fusion analysis has considerable potential to 
enhance surface water mapping from coarse spatial resolution systems 
such as MODIS. Water distribution is strongly related to the prevailing 
topographic conditions reported to be one of the major contributors to 
ensuring high flood inundation mapping accuracy (Bates et al., 2003; 
Cook and Merwade, 2009). Widely used open-access digital elevation 
models (DEM) such as the Advanced Spaceborne Thermal Emission 
Radiometer-Global Digital Elevation Model (ASTER GDEM) and Shuttle 
Radar Topography Mission (SRTM) provide 30 m topographic infor-
mation that can be integrated into surface water mapping. For instance, 
Li et al. (2013a) translated the 500 m water fractions produced from 
MODIS images to a sub-pixel surface water distribution using 30 m 
SRTM DEM data. The constraint is that the water level stays similar 
everywhere at the same surface level. Xiao et al. (2018) downscaled 500 
m water maps from MODIS data to 30 m resolution by using a moving 
average filter method and high spatial resolution DEM data to smooth 
the errors of waterlines in shallow lakes. Optimization algorithms such 
as the neural networks were used to downscale surface water maps at the 
coarse spatial resolution to a finer spatial resolution scale using DEM 
(Huang et al., 2014; Li et al., 2015a; Ling et al., 2008). 
Although a DEM can provide topographic information at a fine 
spatial scale to control the water distribution, the global open-access 
spaceborne-derived DEMs are limited for depicting water depth distri-
bution and so do not represent bathymetry. Thus, the DEMs produced 
from radar altimetry do not give any information below the water sur-
face (Berry et al., 2007). Despite the importance of bathymetry, there is 
often little information available for inland water bodies such as rivers, 
lakes, and reservoirs in open-source spaceborne-derived DEMs (Armon 
et al., 2020; Li et al., 2019c; Li et al., 2020b). Bathymetry is typically 
mapped through an echo sounder (sonar) mounted beneath or over the 
side of a boat. However, the acquisition of bathymetric information for 
large lakes, reservoirs, and river networks globally would be a time- 
consuming and non-trivial task (Getirana et al., 2018). 
Since the generation of large-area three-dimensional bathymetry 
information to aid studies of surface water dynamics analysis is chal-
lenging, attempts have been made to explore alternative data sources. 
For example, the Landsat sensor data archive may be used to generate 
information on bathymetry. Historic Landsat sensor data have been 
combined to produce a water occurrence map that essentially extends 
the terrain downward into the water surface boundary (Armon et al., 
2020; Li et al., 2019c). The basic idea is that the larger the water 
occurrence for a pixel (i.e., the more often it is covered by water) the 
deeper the water. Thus there is a strong relationship between the water 
occurrence and the bathymetry for lakes, rivers, and reservoirs. Specif-
ically, Li et al. (2019c) obtained bathymetry by combining Lidar 
elevation data with time-series water maps classified from historical 
Landsat imagery to monitoring reservoir dynamics with the reservoir 
bathymetry contours derived from the water occurrence percentile. 
Among the various data sources for information on water occurrence 
at global (Pekel et al., 2016; Pickens et al., 2020) or national (Mueller 
et al., 2016; Tulbure et al., 2016; Zou et al., 2018) scale, the open-source 
Global Surface Water Mapping (GSW) Layers produced by the European 
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Commission’s Joint Research Centre (JRC) was used to provide global 
bathymetry. The latter contains surface water maps generated from the 
Landsat 5, 7, and 8 imagery in which each pixel was classified into 
water/land from 1984 to 2020. The JRC GSW historical surface water 
maps represent the geographical distribution of surface water globally, 
and depicts the spatial extent of water from which temporal changes in 
surface water cover may be inferred. The JRC GSW contains a surface 
water occurrence (SWO) map of Pekel et al. (2016) produced by sum-
ming the times that the pixel is detected as water and dividing it by the 
number of total valid observations. The SWO map indicates the fre-
quency with which water was present in each pixel. The JRC SWO map 
has been widely used in the monitoring of global and regional scale lakes 
(Luo et al., 2019; Yao et al., 2019a), reservoirs (Busker et al., 2019; Li 
et al., 2020b; Ling et al., 2020), sites of flood inundation (Li et al., 
2020b) and surface water fractions (Li et al., 2019a). The potential of the 
JRC SWO data in providing bathymetry and sub-pixel surface water 
distribution information within the MODIS pixel is considerable. 
In order to map surface water at both fine spatial and temporal 
resolutions, a new SpatioTemporal Surface Water Mapping (STSWM) 
method using a MODIS image acquired at the prediction time, a pair of 
prior/post-dated MODIS and Landsat imagery acquired temporally close 
to the prediction time, as well as the SWO and DEM data is proposed in 
this paper. The basic idea of using SWO and DEM is that topographic 
conditions control the geographical distribution of water, and SWO 
provides bathymetry information while a DEM provides above-water 
surface topographic information, respectively. Unlike traditional 
spatiotemporal image fusion algorithms and spatiotemporal 
superresolution mapping algorithms, STSWM integrates SWO with DEM 
to help to predict the surface water spatial distribution. The proposed 
STSWM is a combination of the MODIS-Landsat fusion method and the 
DEM and SWO maps. As a result, it is expected STSWM will be more 
accurate than standard MODIS-Landsat fusion methods in terms of 
surface water mapping. The STSWM was used to generate temporal 
continuous surface water maps (at an 8-day time step) of 30 m resolution 
in six sites globally and was compared with the GSW monthly water 
history maps and the state-of-the-art spatiotemporal fusion methods. 
2. Methods 
STSWM aims to generate a 30 m spatial resolution surface water map 
at time tp, based on the MODIS image at time tp, a temporally close pair 
of MODIS-Landsat imagery at time t0, the SWO map of Pekel et al. (2016) 
and the DEM map (such as STRM and ASTER GDEM with a 30 m spatial 
resolution). Note that t0 was selected to be temporally close to tp, and can 
either pre-date or post-date tp. The STSWM contains three main steps, as 
is shown in Fig. 1. The first step is water information extraction from the 
input data, including unmixing the MODIS images to coarse spatial 
resolution water fraction images, classifying the Landsat image at t0 to a 
surface water map, and combining the SWO and DEM data to a surface 
water likelihood map. The second step is downscaling coarse spatial 
resolution water fraction change to 30 m resolution using the coarse 
fraction water fraction change image and other ancillary data. The third 
step is modifying the surface water map based on spatial filters. 
Fig. 1. Flowchart of the STSWM method.  
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2.1. Water information extraction 
2.1.1. Classifying the cloud-free Landsat image at t0 to produce a surface 
water map 
The cloud-free Landsat image at t0 is used to generate a surface water 
map at t0 based on an automatic segmentation method. First, the 
Modified Normalized Difference Water Index (MNDWI) map is extracted 
from the Landsat data to distinguish water and land pixels on its 
excellent performance (Xu, 2006): 
MNDWI = (ρGREEN − ρSWIR)/(ρGREEN + ρSWIR) (1)  
where ρGREEN and ρSWIR are the reflectance in the green and SWIR bands. 
Then the simple and widely used Otsu method (Otsu, 1979) that maxi-
mizes the inter-class variance is used to automatically determine a 
threshold to separate surface water bodies from the background (Du 
et al., 2012; Yang et al., 2020b; Yao et al., 2019b). 
2.1.2. Unmixing the MODIS images to determine coarse spatial resolution 
water fractions t0 and tp 
The MODIS images at t0 and tp are unmixed to yield water fraction 
images for each date. First, the water and land endmembers in each 
MODIS image are automatically extracted. Considering the presence of 
different water and land types and the intra-class variability in water 
endmembers due to different turbidities, a total of nwater water end-
members and nland land endmembers are extracted in STSWM. 
First, the Landsat pixels at t0 that have the water labels in the Otsu 
map are clustered to nwater subclasses, and the Landsat pixels at t0 that 
have the land labels in the Otsu map are clustered to nland subclasses. In 
this study, the k-means algorithm is adopted as the clustering method 
that is directly applied to the Landsat multispectral image (the thermal 
and panchromatic bands were excluded). The number of clusters is set to 
nwater for water and nland for land, respectively. In this way, the 30 m 
Landsat image at t0 is clustered to a water map with nwater water classes 
and nwater land classes. In STSWM, the optimal number of water class 
(nwater) and land class (nland) used to estimate MODIS endmembers are 
related to the water turbidity and the number of land cover classes in the 
study region. nwater and nland are set to 2 in this paper for computing 
efficiency. Larger nwater and nland values should be set if the region of 
analysis is heterogeneous in class composition. Finally, this 30 m water 
map is spatially degraded to the MODIS scale. Assume s is the scale 
factor between MODIS and Landsat pixel and s = 16 (namely, each 
MODIS pixel contains 16 × 16 = 256 30 m Landsat pixels). The fractions 
of each subclass are calculated by dividing the total number of 30 m 
pixels that belong to that subclass by 256. 
Then, the MODIS endmembers for each subclass at tp are estimated. 
According to the linear spectral mixture model, the pixel spectral value 
in the bth band (b = 1,⋅⋅⋅,B, where B is the number of bands in the MODIS 
data used) of the mth MODIS pixel at tp, rm, b, tp, is the weighted sum of all 
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where fm, tpwater(n1) and fm, tpland(n2) are the n1th water and n2th land frac-
tions in the mth MODIS pixel at tp, and eb, tpwater(n1) and eb, tpland(n2) are the 
reflectance values on the bth band for the n1th water and the n2th land 
classes at tp, respectively. The solving of eb, tpwater(n1) and eb, tpland(n2) are 
according to the inversion of the linear equations in (3) using the least- 
squares best fit solution (Li et al., 2020a; Zhu et al., 2016):   
Both the class fractions are endmembers in Eq. (3) are unknown 
variables. In order to solve Eq. (3), M (M > nwater + nwater) MODIS pixels 
which are unchanged in class fractions are selected, so that the class 
fractions of the M MODIS pixels at tp can be substituted with those from 
the degraded clustering images at t0. Specifically, K pixels with the 
highest water fractions and land fractions at tp are selected to avoid the 
collinearity problem. To reudce the impact of land cover change, the K 
pixels with Δrb (i.e., the change in the MODIS pixels reflectance values 
on the bth band from t0 to tp) outside of the range of 0.0–0.5 quantiles are 
excluded (Li et al., 2020a; Zhu et al., 2016). 
With the extracted water and land endmembers at tp, the fully con-
strained linear mixing model is used to unmix the tp time MODIS image 
for generating the water fraction image at tp (Keshava and Mustard, 
2002). Note that the evaluation of water fraction changes from t0 to tp by 
comparing the water fraction images from the degraded water maps at t0 
and the unmixed MODIS image at tp is not proper, because they are 
acquired from different data sources and using different methods. 
Similar to the estimation of water and land endmembers at tp, the water 
and land endmembers at t0 are estimated using the same inversion 
process by substituting the reflectance image at tp with that at t0. The 
estimated water and land endmembers at t0 are then used to unmixed 
the t0 time MODIS image using the fully constrained linear mixing 
model. The unmixed water fractions of the nwater subclasses at t0 and tp 
were summed up to represent the final water fractions at t0 and tp, 
respectively. The flowchart of MODIS endmember extraction and 
unmixing approaches are referred to as Fig. S1 in the supplementary 
data. 
2.1.3. 30 m resolution surface water likelihood map 
The SWO and DEM maps are used to provide bathymetry and above- 
water topographic information in STSWM. The SWO map indicates the 
surface water occurrence (SWO) or frequency, as a percentile value, 
with which water was present in the historical Landsat sensor data. 
Different SWO values indicate permanent water pixels (SWO = 100), 
permanent land pixels (SWO = 0), and seasonal water pixels (SWO >
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not relate to a climatic season but simply indicates that water cover is 
not constant. The DEM map indicates the elevation in each pixel. Since 
water flows downwards due to gravity, the probability of a pixel being 
water-covered is greatest the higher the SWO value and the lower the 
elevation (Armon et al., 2020; Li et al., 2019c). 
The SWO and DEM maps in a target inland/coastal area region are 
combined to produce the 30 m water likelihood map in Fig. 2. For the 
permanent and seasonal water pixels in the SWO map (the SWO >
0 pixels are masked in Fig. 2), the water likelihood index is set equal to 
the SWO percentile value in Eq. (4). For permanent land pixels in the 
SWO map (the SWO = 0 pixels are masked in Fig. 2), the water likeli-
hood index is set inversely proportional to the elevation value in the 
DEM map. The water likelihood index is normalized in Eq. (4) so that the 
maximal water likelihood index derived from the DEM is not larger than 
the smallest water likelihood index of permanent and seasonal water 
pixels in the SWO map in the region of a target area as: 
Lwater =
{
SWO if SWO > 0
(Emax − E)/(Emax − Emin) if SWO = 0
(4)  
where Lwater is the final water likelihood map, and E is the elevation 
value in the DEM map in the region of a target area, Emax and Emin are the 
maximal and minimal DEM values of the permanent land pixels in the 
SWO map in the region of the area to be analyzed, and the value of (Emax 
− E)/(Emax − Emin) ranges from 0 to 1. 
2.2. Downscaling of the surface water data to an initial 30 m resolution 
surface water map at tp 
In this section, the surface water fraction data is downscaled to 
generate an initial 30 m surface water map. Before the downscaling, the 
cloud and shadow pixels in the 8-day composite MOD09A1 images are 
first masked according to the MODIS quality assessment data. Suppose 
cloud or shadow is detected in a MODIS pixel. In that case, the 30 m 
pixels within the MODIS pixel are labels as ‘no observations’ in the 
initial 30 m surface water map. The downscaling process is only used for 
the MODIS pixels that are not masked by cloud and shadows at t0 and tp. 
Suppose a MODIS pixel is not masked by cloud at either t0 to tp ac-
cording to the MODIS quality assessment data. In that case, the coarse 
Fig. 2. The flowchart of producing the surface water likelihood map.  
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spatial resolution water fraction change in the MODIS pixel from t0 to tp 
is calculated by subtracting the coarse spatial resolution water fraction 
map at t0 from the coarse spatial resolution water fraction map at tp, 
which is then downscaled using the ancillary water likelihood map and 
the water map at t0. The details of the downscaling approaches in the mth 
MODIS pixel are introduced below. 
Case1: water fraction increases in the mth MODIS pixel. STSWM as-
sumes, in the mth MODIS pixel, the 30 m pixels labeled as belonging to 
the water class at t0 are unchanged in the class label at tp, and the 30 m 
pixels labeled as belonging to the land class at t0 could have changed 
membership to the water class. STSWM uses a step-wise allocation 
approach to predict the pixel labels at tp. First, all the pixels labeled as 
belonging to the water class at t0 in the mth MODIS pixel are determined 
as the ‘unchanged water pixels’. Then, the number of land-to-water- 
conversion pixels is calculated. Assume Δf is the increase of water 
fraction in this MODIS pixel. Each MODIS pixel is divided into 16 × 16 
= 256 30 m Landsat pixels (16 is the scale factor between MODIS and 
Landsat images). Then there are l = round(256 × Δf) land-to-water- 
conversion pixels in the mth MODIS pixel, where round(⋅) means 
rounding to the nearest integer number. The locations of the land-to- 
water-conversion pixels are determined by selecting l pixels of the 
land class at t0 with the highest water likelihood index (such as those 
highlighted with red circles in Fig. 3), assuming the higher the value in 
the water likelihood map, the more likely the pixel of the land class at t0 
is changed to water class at tp (i.e., the lower the elevation, the more 
likely the pixel is inundated (Armon et al., 2020; Li et al., 2019c; Pekel 
et al., 2016)). In selecting the l land-to-water-conversion pixels in the 
mth MODIS pixel, the water likelihood indexes of the pixels of the land 
class at t0 are first sorted in descending order. Then the lth largest pixel 
likelihood index is used as the threshold. Finally, the pixels of the land 
class at t0 which have the water likelihood that is not lower than the 
threshold are selected as the land-to-water-conversion pixels. Note that 
if l is larger than the number of land pixels in the mth MODIS pixel, all the 
land pixels are determined as the land-to-water-conversion pixels in this 
mth MODIS pixel. The other pixels of the land class at t0 are then 
determined as the ‘unchanged land pixels’ from t0 to tp. Finally, the 
surface water map at tp in the mth MODIS pixel is produced by combining 
the ‘unchanged water pixels’, ‘land-to-water-conversion pixels’, and the 
‘unchanged land pixels’. 
Case 2: water fraction unchanged in the mth MODIS pixel. In this 
case, the class labels of all the 30 m pixels in the mth MODIS pixel are 
assumed to be unchanged from t0 to tp. 
Case 3: water fraction decreases in the mth MODIS pixel. STSWM 
assumes, in the mth MODIS pixel, the 30 m pixels labeled as belonging to 
the land class at t0 are unchanged in the class label at tp, and the 30 m 
pixels labeled as belonging to the water class at t0 could have changed 
membership to the land class. In STSWM, first, all the pixels labeled as 
belonging to the land class at t0 in the mth MODIS pixel are determined as 
the ‘unchanged land pixels’. Then, the number of water-to-land- 
conversion pixels is calculated. Assume Δf is the increase of land frac-
tion in this MODIS pixel, and then there are l = round(256 × Δf) water- 
to-land-conversion pixels in the mth MODIS pixel. The locations of the 
water-to-land-conversion pixels are determined by selecting l pixels of 
the water class at t0 with the lowest water likelihood index (such as those 
highlighted with green circles in Fig. 3), assuming the lower the value in 
the water likelihood map, the more likely the pixel of the water class at t0 
is changed to land class at tp (i.e., the higher the elevation, the more 
likely the pixel is not inundated and exposed to land). In selecting the l 
water-to-land-conversion pixels in the mth MODIS pixel, the water 
likelihood indexes of the pixels of the water class at t0 are first sorted in 
ascending order. Then the lth lowest pixel likelihood index is used as the 
threshold. Finally, the pixels of the water class at t0 which have the water 
likelihood that is not higher than the threshold are selected as the water- 
to-land-conversion pixels. Note that if l is larger than the number of 
water pixels in the mth MODIS pixel, then all the water pixels are 
determined as the water-to-land-conversion pixels in this mth MODIS 
pixel. The other pixels of the water class at t0 are then determined as the 
‘unchanged water pixels’. Finally, the surface water map at tp in the mth 
MODIS pixel is produced by combining the ‘unchanged land pixels’, 
‘water-to-land-conversion pixels’ and the ‘unchanged water pixels’ from 
t0 to tp. 
2.3. Post-processing of the downscaled 30 m surface water map based on 
spatial filters 
A post-processing step that uses spatial filters applied to the land-to- 
water-conversion pixels and water-to-land-conversion pixels is per-
formed to incorporate local topographic information in producing the 
final surface water map (Fig. 1). The basic idea is that the water level 
should be relatively uniform for inundated surface water areas in a local 
region. Thus, in STSWM, if a pixel is inundated at tp, then the spatially 
neighboring pixels with similar elevation should be inundated at tp. The 
water likelihood representing the topographic information is used to 
select local pixels with similar topographic (elevation) conditions to 
post-process the initial downscaled 30 m resolution surface water map. 
The local similar water likelihood pixels, which indicate pixels with 
similar elevation information, are selected. First, for a target pixel, the 
surrounding neighborhood pixels inside a square window whose center 
is the target pixel are defined as candidate pixels. Then a set of neigh-
boring pixels from the candidate pixels, which have the most similar 
water likelihood to the target pixel, are selected as the similar water 
likelihood pixels to the target pixel. 
A schematic diagram of selecting similar water likelihood pixels is 
shown in Fig. 4. First, the size of the square window to define the 
candidate pixels is determined (Step (1) in Fig. 4). The size is set to 9 
MODIS pixels if the target pixel is the permanent and seasonal water 
pixels (SWO > 0) and 5 MODIS pixels if the target pixel is the permanent 
land pixels (SWO = 0) in the SWO map, respectively, after a process of 
trial and error (Step (1) in Fig. 4). Note that the presence of cloud cover 
in the MODIS pixel results in the ‘no observations’ pixels in the initial 
surface water map at tp such as those highlighted in black circles in Fig. 4 
(d), thereby the number of candidate pixels may be insufficient within 
the square window in the selection of similar pixels. In STSWM, the size 
of the moving window is enlarged until the square window contains a 
certain number of cloud-free MODIS pixels. 
Once the size of the square window is determined, the water likeli-
hood values in the square window in the surface water likelihood map 
are incorporated (Step (1) in Fig. 4), and a set of n neighboring pixels 
from the candidate pixels are selected using a threshold (Step (2) in 
Fig. 4). In this step, the absolute differences in water likelihood between 
the target pixel and its neighboring candidate pixels within the square 
window are calculated and sorted in descending order. The threshold is 
set to the nth (n is set to 30 through many trails) smallest absolute dif-
ference value from the candidate pixels. The candidate pixels that have 
the water likelihood that is not lower than the threshold are defined as 
the local similar water likelihood pixels. 
Based on the set of selected similar water likelihood pixels, the labels 
of the similar pixels using the initial surface water map at tp are used to 
determine the label of the target pixel (Step (3) in Fig. 4). The label of the 
ith target pixel pi is determined according to the labels of the similar 
pixels in the initial surface water map at tp based on a weighted function 








wk × fland(pk) (6)  
where pk is the kth similar water likelihood pixel of the target pixel pi. 
fwater(pk) equals to 1 if pk is labeled as ‘water’ in the initial surface water 
map and 0 otherwise. fland(pk) equals to 1 if pk is labeled as ‘land’ in the 
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Fig. 3. Summary of the downscaling of coarse spatial resolution water fraction change to 30 m resolution in the mth MODIS pixel. The figure shows the downscaling 
using the mth MODIS pixel which contains s2 Landsat pixels (s is the scale factor between MODIS and Landsat pixel, and is set to 16 in this figure). The water fraction 
increase (case 1) and decrease (case 3) are assumed to be 5% (Δf = 0.05) in the mth MODIS pixel, and then there are l = 162 × 0.05 = 13 high-resolution land-to- 
water-conversion pixels (highlighted with red circles) and water-to-land-conversion pixels (highlighted with green circles) in STSWM. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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initial surface water map and 0 otherwise. wk is the weight of similar 





(1/Dk) (7)  
Dk = 1+ d(pi, pk)/(W/2) (8)  
where d(pi,pk) is the geometric distance between the pi and pk, and W is 
the size of the local square window (Gao et al., 2006; Zhu et al., 2016). 
Once Uiwater and Uiland are calculated, the target pixel pi label is updated 
as water class at tp if Uiwater is larger than Uiland and land class otherwise 
(step (4) in Fig. 4). Note that only the land-to-water-conversion pixels 
highlighted with red circles in Fig. 3 and water-to-land-conversion pixels 
highlighted with green circles in Fig. 3 are predicted using the afore-
mentioned downscaling approach. 
At the end of STSWM, a spatial filter that has a smoothing effect is 
applied to modify the surface water map to eliminate speckle-like arti-
facts that may have occurred. The spatial filter is applied only to pixels 
that have changed labels by comparing the surface water map at t0 and 
Fig. 4. The use of similar water likelihood pixels in updating the class label for a target pixel. The square window size is set to 5 MODIS pixels or larger in real 
applications. The surface water likelihood map is used to select a set of similar pixels. The initial surface water map at tp is used to calculate the contributions of water 
and land pixels from similar pixels to the target pixel. Step (1) incorporates the cloud and shadow mask and the surface water likelihood values in the square window. 
Step (2) selects a set of similar water likelihood pixels (highlighted with green rectangles) for the target pixel (highlighted with a red rectangle in Fig. 4(a)). Step (3) 
determines the labels of the similar pixels using the initial surface water map at tp. Step (4) updates the label of the target pixel in the surface water map at tp 
according to the contributions of similar water likelihood pixels based on Eqs. (5–8). (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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the initial surface water map at tp and the ‘no observations’ pixels 
labeled in the initial surface water map at tp. For these pixels, a majority 
filter using the target pixel as the central pixel is applied to the initial 
surface water map at tp. The size of the local square window of the 
majority filter is set, after a trial and error process, to 3 Landsat pixels. 
After the majority filter, the final 30 m surface water map at tp is 
generated. 
3. Experiments 
3.1. Study area and data 
The potential of STSWM was evaluated using experiments in six 
floodplain regions. These regions are located on five continents in the 
world in Fig. 5. Specifically, the regions include a site near the Colorado 
River, USA (Fig. 5A), a site near the Razazza Lake, Iraq (Fig. 5B), a site 
near the Poyang Lake, China (Fig. 5C), a site near the Parana River, 
Argentina and Paraguay (Fig. 5D), a site near the Oviston Nature 
Reserve, South Africa (Fig. 5E) and a site near the Murray River, 
Australia (Fig. 5F). The STSWM was used to predict 30 m surface water 
maps at an 8-day time step based on 8-day composite surface reflectance 
MODIS (MOD09A1, 500 m) and cloud-free Landsat data downloaded 
from the United States Geological Survey (USGS) thorough a selected 
year. The selected years and the Landsat data used in each region in 
STSWM are in Table 1. These years were selected if the region experi-
enced inundation in that year and more than four cloud-free Landsat 
data were available throughout the year. The locations of the regions are 
in Figs. S2-S7 in the supplementary data. 
The input of STSWM includes a MODIS image at the prediction time, 
a MODIS-Landsat image pair at the ancillary date, the SWO map, and a 
DEM map. The STSWM used the 8-day composite MOD09A1 data 
instead of the daily MODIS image because the daily MODIS is affected 
not only by a high percentage of cloud cover, but also by the BRDF effect 
due to the very high viewing angles near the edge of the satellite swaths 
(Heimhuber et al., 2018; Walker et al., 2012). The percentages of cloud 
cover and shadows in the MOD09A1 data that were determined based on 
the MODIS quality assessment data are shown in Fig. 6. The SWO data 
used are from the SWO map of Pekel et al. (2016) created using the Joint 
Research Centre’s (JRC) Global Surface Water Mapping Layers (v1.3) 
downloaded from the Google Earth Engine, which provides the fre-
quency at which the water was present (from 0 to 100%). The 30 m DEM 
data used in the experiment are 30 m SRTM DEMs (Farr et al., 2007). 
In each site, STSWM was used to predict forty-six 30 m resolution 
surface water maps at the dates of the forty-six scenes of MOD09A1 
imagery thorough the selected year. For each prediction date, a pair of 
Landsat-MODIS images was selected as the STSWM ancillary data. Note 
that more than one cloud-free MODIS-Landsat pairs were available as 
the candidate ancillary data for STSWM. The selection criterion of the 
ancillary cloud-free MODIS-Landsat pairs is introduced in section S3 in 
the supplementary data. 
3.2. Model comparison 
The STSWM predictions were compared with the GSW monthly 
water history maps downloaded from the Google Earth Engine. The GSW 
monthly water history maps were derived from Landsat 5, 7, and 8 
images, in which each pixel was classified as ‘water detected’, ‘not 
water’ or ‘no observations’ in each month using an expert system. The 
‘no observations’ pixels were due to cloud cover, striping, and no 
Landsat imagery available. For instance, regions such as Siberia that 
weren’t imaged until 2000 (Pekel et al., 2016; Pickens et al., 2020). The 
monthly water history maps provide information about all of the water 
detections at a monthly interval, i.e., whether or not water was detected 
in a particular month (Pekel et al., 2016). 
Fig. 5. The six study sites in the experiment.  
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The proposed STSWM was also compared to two spatiotemporal 
methods. The first spatiotemporal method was the spatiotemporal sub- 
pixel mapping (STPSA) method (Xu and Huang, 2014). In the STPSA, 
first, the MODIS image at tp was unmixed into the water and land 
fraction images, which were then downscaled to 30 m surface water 
maps using an optimization algorithm and using the 30 m surface water 
map t0 as ancillary data. The other spatiotemporal method is a combi-
nation of STARFM and Otsu’s segmentation method. STARFM was used 
to fuse the MODIS image at tp with the MODIS and Landsat image pair at 
t0 to generate a Landsat-like image at tp, which was then used to 
calculate the 30 m MNDWI map; finally, Otsu segmentation was applied 
to the MNDWI map to automatically generate the 30 m water-land map 
at tp. In addition, the STSWM was also compared to a Hard Classification 
(HC) method, which was directly applied to the Landsat image at tp 
based on the same method described in section 2.1.1. The proposed 
STSWM was also compared to the GSW monthly water history maps. The 
STSPA and STARMF were not used to generate time-series surface water 
maps because they are unsuitable for processing the cloud-cover and 
shadows in the MODIS images. The selection criterion of the ancillary 
MODIS-Landsat image pairs for STPSA and STARFM is the same as that 
for STSWM, as is introduced in section S3 in the supplementary data. 
3.3. Accuracy assessment of the time series maps 
The stratified random sampling was used to provide unbiased esti-
mators of the accuracies of the STSWM surface water maps (Olofsson 
et al., 2014; Olofsson et al., 2013; Pickens et al., 2020; Stehman, 2009; 
Tulbure et al., 2016). First, a ‘surface water stratum’ and a ‘land stratum’ 
were created from the STSWM results for each region. The ‘surface water 
stratum’ was created based on the maximum water extend map derived 
from the forty-six STSWM prediction maps (Tulbure et al., 2016). The 
‘land stratum’ was created based on pixels that were predicted as ‘land’ 
in all the forty-six STSWM maps. Then, 200 sample points, including 100 
samples from the ‘surface water stratum’ and 100 from the ‘land stra-
tum’, were selected for each of the six study sites. The individual sample 
pixels were manually interpreted using all available Landsat scenes 
(including Landsat 5, 7, and 8) in the study year. Each Landsat obser-
vation for a sample pixel was visually interpreted as ‘water pixel’, ‘land 
pixel’, or ‘bad data’ using the Google Earth Engine cloud-computing 
platform. The ‘bad data’ includes pixels covered by cloud, shadow, or 
striping at a Landsat scene. All the ‘water pixels’ and ‘land pixels’ 
constituted the reference data for validation. 
For each STSWM map, a subset of the reference data was used for 
validation. Since each STSWM map was generated from an 8-day com-
posite MODIS data, only the reference data from the Landsat scenes 
observed within the period represented by the MODIS data is used to 
assess the accuracy of that STSWM map. Note that there may be more 
than on Landsat scenes available within the period represented by the 
MODIS data. In this case, if the sample pixels at the same location have 
the same visual interpretation label within the 8-days period repre-
sented by the MODIS, then only one sample was maintained for vali-
dation. Otherwise, if the sample pixels at the same location have 
different visual interpretation labels, these samples were all excluded in 
the accuracy assessment. 
The accuracy and variances of the estimators of each STSWM map 
were estimated based on the corresponding reference sample data. The 
estimation of accuracies for stratified random sampling includes overall 
accuracy, producer’s accuracy, and user’s accuracy (Olofsson et al., 
2014; Olofsson et al., 2013). First, the error matrix in terms of sample 
counts was first computed for each STSWM map. The sample counts in 
the error matrix were then converted to estimated area proportions of 
the error matrix. The stratified estimator of the overall accuracy of the 
map, the producer’s and user’s accuracies of water, and the producer’s 
and user’s accuracies of land were calculated. The standard error of the 
accuracy estimates were also computed to report the sampling vari-
ability associated with the accuracy estimates and provide the uncer-
tainty of the estimates. The details of the accuracy estimation 
calculations can be found in Section S4 in the supplementary data. 
The original 200 samples may be covered by cloud, shadow, or 
striping in the Landsat image as ‘bad data’ that were excluded in vali-
dating the STSWM map. Thus the actual valid samples may vary for 
different STSWM maps. In order to contain a sufficient number of 
samples to get reliable accuracy estimations in the validation, the ac-
curacies of an STSWM map was estimated only when no less than 60% of 
the samples (i.e., 120 samples) were valid and not ‘bad data’ in the 
Landsat image within the period of that MODIS image. In addition, the 
comparison methods, including STPSA and STARFM, are unsuitable for 
mapping cloud-contaminated MODIS data; thus, only the STSWM pre-
dictions were assessed. 
4. Results 
4.1. Comparison of the STSWM predicted surface water maps with the 
GSW monthly water history maps 
4.1.1. Comparison of the surface water frequency 
The yearly surface water frequency maps from the GSW layers and 
STSWM in Fig. 7 were used to reveal the surface water spatiotemporal 
dynamics. First, the yearly surface water count maps according to the 
GSW and STSWM maps were produced, respectively. For each site, the 
GSW yearly surface water count map is produced according to the 
twelve GSW monthly water history maps in that year, and the STSWM 
yearly surface water count map is produced according to the forty-six 
prediction maps in that year. The surface water count is defined as the 
number of pixels labeled as water in the GSW monthly water history 
maps or the STSWM prediction maps. Then, the surface water frequency 
Table 1 
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is defined by dividing the surface water count by the total number of 
valid observations. 
Differences are found in the GSW and STSWM surface water fre-
quency maps in Fig. 7. In particular, in the Razazza River site in Fig. 8, 
the surface water frequency highlighted in the red rectangle in the GSW 
frequency map (Fig. 8(a)) is higher than that highlighted in the red 
rectangle in the STSWM frequency map (Fig. 8(b)). This difference 
resulted in the fact that many pixels are ‘no observations’ pixels in Jan., 
Feb., Mar., and Dec., such as those in black color in Fig. 8 (c), (d), (e), 
and (n). In the GSW monthly water history maps, the ‘no observations’ 
pixels were mainly due to cloud in Feb., and due to striping in Mar., and 
due to the fact that Pekel et al. (2016) do not map >32◦N in Jan. and do 
not map >30◦N in Dec. in the JRC Monthly Water History (v1.3) dataset. 
The ‘no observations’ pixels in the GSW monthly water history maps 
were not counted in calculating the water frequency. Therefore, the 
water frequency produced from the GSW monthly water history maps 
would be biased by the temporal distributions of the valid Landsat 
observation. In contrast, the STSWM prediction maps did not contain ‘no 
observations’ pixels (such as the maps in Fig. 10). Thus the valid 
observation in the time series STSWM prediction maps equals forty-six 
for all pixels in all sites. The impact of the spatiotemporal distribution 
of the ‘no observations’ pixels could be reduced in the STSWM frequency 
map. 
4.1.2. Comparison of the spatiotemporal dynamics of surface water maps in 
the GSW and STSWM maps 
The spatiotemporal dynamics of surface water maps in the GSW 
maps (Fig. 9) and STSWM maps (Fig. 10) in the Parana River site were 
compared. 
In the GSW monthly water history maps in Fig. 9, the water map in 
June 2010 is covered mainly by the ‘no observations’ pixels because 
there are no available Landsat 5 and 7 images for the center of the area. 
The monthly water history maps for Feb., July, and Aug. contain ‘no 
observations’ pixels due to the striping of the Landsat 7 images. 
Therefore, the GSW monthly water history maps neither provide surface 
water changes within a month nor provide water maps when there is no 
Landsat image available for the month. 
In contrast to the GSW monthly water history maps, the STSWM 
could predict 30 m surface water maps at an 8-day time step (Fig. 10) 
due to MODIS images with a finer temporal resolution than the Landsat 
images. The STSWM maps show that the water area decreased from days 
177–184 (June 26 to July 3) to days 185–192 (July 4 to July 11) in 2010, 
such as those indicated by the red circles in Fig. 10. This information is 
not provided in the GSW monthly water history maps because there 
were mostly no observations in the Landsat pixels for June 2010 in 
Fig. 9. Similarly, the STSWM maps indicate an increase in the water area 
from days 337–344 (Oct. 3 to Oct. 10) to days 345–352 (Oct. 11 to Oct. 
18) in 2010 such as those indicated by the red circles in Fig. 10. This 
increase in water area is not seen on the GSW monthly water history map 
for Dec. 2010, which was generated with a monthly frequency. There-
fore, the GSW monthly water history maps may fail to detect the surface 
water changes due to the presence of cloud cover and the availability of 
Landsat data, while the STSWM can represent the surface water dy-
namics more comprehensively. It should also be noticed that artifacts 
could be found in the STSWM maps. For instance, the extents of water 
highlighted with black circles in row 6, column 2 in Fig. 10 (days 
169–176 in 2010, the percentage of cloud and shadow cover in the 
predicted MODIS image is 48.35%) were predicted that are the result of 
shadows in the MODIS image according to the MODIS quality assess-
ment data. 
Fig. 6. The percentages of cloud cover and shadows in the MOD09A1 data in the six study sites.  
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Fig. 11 (b)-(y) shows the comparison between the GSW monthly 
water history maps and the STSWM maps in the zoomed-in area in the 
red square in Fig. 11(a) (the STSWM time series maps at an 8-day time 
step in the zoomed-in area is shown in Fig. S8 in the supplementary 
data). The GSW monthly water history map for June (Fig. 11(g) is fully 
filled with ‘no observations’ data, and the maps for Feb. (Fig. 11(c)), 
July (Fig. 11(h)), Aug. (Fig. 11(i)), Sept. (Fig. 11(j)) are affected by the 
striping of the Landsat 7 image. The GSW monthly water history map for 
Sept. (Fig. 11(j)) also contained ‘no observations’ pixels due to cloud 
cover, as indicated by the red circle. In contrast, the STSWM reduced the 
impacts of the cloud cover and striping in the Landsat 7 images on the 
surface water maps, and the predicted maps shown in Fig. 11 are free of 
‘no observations’ pixels. In addition, the change in the water areas is 
evident in the STSWM maps, such as those indicated by the red circles in 
Fig. 11(r–s), which are not observed on the GSW monthly water history 
maps in Fig. 11(f-g). Thus, the generation of temporally dense water 
maps generated using the STSWM can better reflect the water dynamics 
than those produced for relatively long temporal frequencies. 
4.2. Comparison of the predicted surface water maps obtained using 
different methods 
Fig. 12 shows the comparison of predicting maps in the Parana River 
site at a specific time tp (the MODIS 8-day composite data at tp represents 
the time from 2010/12/11 to 2010/12/18) from different spatiotem-
poral fusion methods and a classification method. The studied region 
experienced inundation from t0 to tp, which is shown in the Landsat 
images in Fig. 12(c–d). The differences in the predicted surface water 
maps obtained using the compared methods were obvious. The HC map 
shown in Fig. 12(g) was produced using the Landsat images shown in 
Fig. 12(d), in which the inundated areas are evident. The STPSA map 
(Fig. 12(h)) did not predict the shape of the rivers, indicating that the 
spatiotemporal correlation model in the STPSA is not suitable for use 
with rivers that have linear spatial distributions and are usually smaller 
than the coarse pixel resolution (Atkinson, 2009). In addition, the STPSA 
map contained many small water class patches, which were represented 
as speckle-like artifacts such as those indicated by the black circle in 
Fig. 12(h). These incorrectly predicted water patches are due to the 
spectral unmixing error. For instance, suppose a MODIS pixel contains 
100% land class, but the unmixing analysis’s fraction image contains 5% 
water class. In this case, 16 × 16 × 5% = 13 (16 is the scale factor be-
tween the MODIS and Landsat pixels) Landsat resolution pixels would be 
labeled as water class in this MODIS pixel. 
Both the STARFM map (Fig. 12(i)) and the final STSWM map (Fig. 12 
(j)) eliminated the speckle-like artifacts. The STARFM failed to predict 
some of the water areas, such as those indicated by the black circle in the 
zoomed-in area in Fig. 12(i), and the small water bodies were errone-
ously clustered such as those highlighted in the red circle in the zoomed- 
Fig. 7. The yearly surface water frequency maps from the GSW monthly water history maps and the STSWM predictions. (a) Colorado River site, USA; (b) Razazza 
Lake site, Iraq; (c) Poyang Lake site, China; (d) Parana River site, Argentina and Paraguay; (e) Oviston Nature Reserve site, South Africa; (f) Murray River 
site, Australia. 
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in area in Fig. 12(i). In contrast, the STSWM correctly predicted the 
water areas, such as those indicated by the black circle in the zoomed-in 
area in Fig. 12(j), and it reconstructed the shapes of the small water 
bodies that are more close to that predicted from Landsat at tp from HC 
in Fig. 12(g). 
4.3. Quantitative assessment of STSWM 
The stratified estimators of different accuracies in the STSWM maps 
are shown in Figs. 13-15 and in Figs. S9-S10 in the supplementary data. 
The overall accuracies were about higher than 0.98 in the sites except for 
the Poyang Lake site in Fig. 13. The producer’s accuracy of water was 
about higher than 0.75 (Fig. 14), and the producer’s accuracy of land 
was about higher than 0.97 (Fig. S9 in the supplementary data) in all the 
sites. The stratified estimator of producer’s accuracies of a class is 
related to the weight (Wi÷ni.) of that stratum in calculating the esti-
mated area proportion (Eq. S1 and S3), where Wi is the proportion of the 
area mapped as class i, and ni. is the total sample counts that are mapped 
as class i (Olofsson et al., 2013). If the weight (Wi÷ni.) of a stratum of 
class i is small, the producer’s accuracy will be more sensitive to the 
omission of a few samples of class i (Olofsson et al., 2013). In all the six 
sites, the weight (Wi÷ni.) for the land stratum was more than twice that 
Fig. 8. GSW and STSWM yearly surface water frequency maps and the GSW monthly water history maps in 2014 in the Razzaza River site.  
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of the water stratum, and thus the producer’s accuracy of water is sen-
sitive to the omission error of a few water samples. The user’s accuracy 
of water was about higher than 0.88 (Fig. 15), and the user’s accuracy of 
land was about higher than 0.95 (Fig. S10 in the supplementary data) in 
all the sites. 
The producer’s and user’s accuracies of water represent variances in 
different sites. Fig. 14 shows the producer’s accuracy of water in the six 
sites. The STSWM maps were generated with relatively lower producer’s 
accuracies of water and large standard errors in Fig. 14(a). The main 
reason is that, in the computing of the producer’s accuracy, the weight 
(Wi÷ni.) for the land stratum was higher than 19 times that of the water 
stratum in the Colorado River site in Fig. 14(a), and the weight for the 
land stratum was less than seven times that of the water stratum in the 
other five sites. The relatively small weight of the water stratum resulted 
in a high sensitivity to the omission of a few water samples in Fig. 14(a) 
(Olofsson et al., 2013). The producer’s accuracy of water in the Murray 
River site in Fig. 14(f) was relatively lower than those in Fig. 14(b-e). 
The Murray River site contains many narrow rivers (narrower than 3–5 
Landsat pixels) and small water bodies in Fig. 5(f) and Fig. S7 in the 
supplementary data, while the other sites contain large lakes and wide 
rivers in Fig. 5. It shows a warning of possible omission error of water in 
the mixed water-land MODIS pixels for STSWM. In Fig. 15, the user’s 
accuracies of water were relatively lower in the Poyang Lake site in 
Fig. 15(c) than in other sites. The main reason for the high commission 
error of water is that the Poyang Lake site contained a massive cloud 
coverage through the chosen year in Fig. 6(c). The average percentage of 
cloud and shadow in the study site accounts for about 22.7% in the 
Poyang Lake site and about less than 4% in the other five sites. Since 
water and shadow have similar spectral values, STSWM may probably 
generate commission error of water for shadow MODIS pixels that are 
not masked in the MODIS spectral unmixing stage. 
The producer’s and user’s accuracies of water vary with different 
dates in Figs. 14-15. The main reason is that different MODIS images 
may contain different percentages of cloud and shadow cover. The 
presence of cloud and shadow cover in the MODIS image could result in 
a water commission error if the shadow pixels are not masked and un-
mixed as surface water. Besides, the selection of ancillary Landsat- 
MODIS image pair also has an impact on the STSWM accuracy. 
STSWM compares the ancillary and predicted MODIS images to estimate 
the change in surface water area in each MODIS pixel, and then 
downscales the water change to a 30 m scale. The STSWM downscaling 
approach will contain a large uncertainty if the surface water change is 
drastic. The experiments show that the producer’s and user’s accuracy of 
water decreased when the surface water change was large between the 
ancillary and predicted MODIS images, such as those highlighted with 
red ellipses in Fig. 14(d) and Fig. 15(f). In Fig. 14(d), STSWM generated 
a relatively low producer’s accuracy (high omission error) of water for 
the STSWM map highlighted with a red ellipse. For this prediction map, 
STSWM compared the predicted MODIS (2010/01/25–2010/02/01, 
representing time tp) in Fig. S11(b) with the ancillary MODIS (2010/11/ 
09–2010/11/16, representing time t0) in Fig. S11(a) in the supplemen-
tary data to estimate surface water change. During this t0-tp period, a 
large surface water increase was found according to the Landsat images 
in Fig. S11(c-d) in the supplementary data. STSWM has a relatively large 
uncertainty in predicting water area expansion, resulting in a high risk 
of water omission error. Similarly, in Fig. 15(f), STSWM generated a 
relatively low user’s accuracy (high commission error) of water for the 
prediction map highlighted with a red ellipse. For this prediction map, 
STSWM compared the predicted MODIS (2011/07/20–2011/07/27, 
representing time tp) in Fig. S12(b) with the ancillary MODIS (2011/04/ 
23–2011/04/30, representing time t0) in Fig. S12(a) in the supplemen-
tary data to estimate surface water change. During this t0-tp period, a 
large surface water decrease was found according to the Landsat images 
in Fig. S12(c-d) in the supplementary data. STSWM has a relatively large 
uncertainty in predicting water area contraction, resulting in a high risk 
of water commission error. 
5. Discussion 
5.1. Comparison between different spatiotemporal methods for surface 
water mapping 
The characteristics of surface water dynamics are distinctive in both 
the spatial and temporal domains relative to that for other land covers 
such as forest (Assuncao et al., 2017) and urban (Deng and Zhu, 2020). 
For surface water, in the spatial domain, the spatial distribution of water 
is related to topography. In the temporal domain, the water change is 
often abrupt. The STSWM method presented here is different to other 
spatiotemporal methods in predicting surface water dynamics in both 
the spatial and temporal domains. 
Fig. 9. GSW monthly water history maps in 2010 for the Parana River experiment.  
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Fig. 10. STSWM predicted surface water maps according to the 8-day composite MODIS images taken in 2010 for the Parana River experiment. The red circles 
indicate regions that experience water change according to the STSWM maps. The black circles indicate the water extents in the STSWM map resulting from shadows 
in the MODIS image. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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First, in the spatial domain, a substantial difference was found in the 
spatial distributions of surface water predicted by the set of methods 
used. STARFM and most other spatiotemporal image fusion methods (Li 
et al., 2020a; Zhu et al., 2010; Zhu et al., 2016) assume that the same 
land cover class pixels are similar in the spectral values in the reflectance 
image. STARFM selects pixels with similar spectral values at the prior/ 
post-dated time, assuming these pixels belong to the same class, and 
use these pixels to filter the predicted reflectance image so that they 
have similar spectral values at the prediction time. In the water body 
mapping, the water pixels with similar spectral values at t0 are usually 
predicted with similar spectral values at tp by STARFM. Since pixels with 
similar spectral values are usually classified into the same water or land 
class using the thresholding method in STARFM, the shape of the water 
body predicted by STARFM is usually intrinsic in the prior/post-dated 
Landsat image. In comparison, for STPSA and most spatiotemporal 
superresolution mapping methods (Li et al., 2017; Li et al., 2019b; Wang 
et al., 2016), the spatial distribution of objects is mainly determined 
based on the spatial dependence rule. As a result, the objects are pre-
dicted with a rounded shape. The main reason is that the spatial 
dependence rule is suitable for objects that are larger than the size of 
coarse spatial resolution (MODIS pixel in this experiment) pixel, but is 
not suitable for mapping a heterogeneous landscape (Atkinson, 2009; Ge 
et al., 2009). However, in spatiotemporal surface water mapping, both 
STARFM and STPSA failed to incorporate topography, which has a 
substantial influence on water distribution. In contrast, STSWM uses the 
ancillary SWO map of Pekel et al. (2016) and DEM to provide topo-
graphic information. The results show that STSWM more accurately 
predicted the spatial distribution of water bodies in heterogeneous 
landscapes in the study regions. 
Second, in the temporal domain, major differences were found in the 
predicted map outputs from the different methods with regard to water 
change which can be relatively abrupt in situations such as flooding. 
STARFM assumes the reflectance change to be gradual and models this 
in a linear way. Therefore, STARFM and most spatiotemporal fusion 
Fig. 11. Comparison of the GSW monthly water history maps and the STSWM predictions for selected dates in 2010. Fig. 11 (b)-(y) shows the surface water maps in 
the zoomed-in area in the red square in Fig. 11(a). The STSWM maps were selected if 1) the start and end dates of the input MODIS image at tp were within a month 
and 2) the dates represented by the input MODIS data are the earliest for that month. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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methods are good at predicting any reflectance change caused by 
vegetation phenology and the sensor observation angle/elevation 
change. However, they are limited in predicting abrupt reflectance 
change occurring in, for example, land cover conversions such as 
flooding or forest clearance (Zhu et al., 2016). Predicting abrupt 
reflectance change is one of the biggest challenges for existing spatio-
temporal fusion methods (Zhu et al., 2018). In comparison, for STPSA, 
the temporal link between objects at different dates is mainly based on 
the temporal dependence rule, which assumes that objects are un-
changed and temporally correlated. As a result, STPSA predicted rela-
tively poor accuracy for changed land cover objects than unchanged 
objects (Li et al., 2019b). In contrast, STSWM is not restricted to the 
constraints that the reflectance change is linear or that objects at 
different times are temporally dependent. STSWM first determines the 
change of water fractions at different dates. For unchanged water 
fractions, the prior/post-dated surface water map at t0 is used in surface 
water mapping. For changed water fractions, the SWO and DEM that 
provide the topographic information is used in predicting the changed 
water distribution. STSWM correctly predicted the abrupt water change 
in Figs. 10 and 12. 
Although the fusion methods of STARFM and STPSA can be used in 
surface water mapping, they are more suitable in predicting reflectance 
imagery (such as STARFM) or a land cover map of multiple classes (such 
as STPSA), but fail to consider the spatial and temporal information 
about surface water. In contrast, the proposed STSWM considers the 
specific surface water spatial and temporal information. Results show 
that STSWM is more suitable in spatiotemporal surface water mapping 
in spatially heterogeneous landscapes and predicting abrupt surface 
water change. 
Fig. 12. Input, reference and output maps of the different methods in the Parana River experiment. (a) MODIS 8-day composite image at t0 (starts from 2010/11/09 
to 2010/11/16), (b) MODIS 8-day composite image at tp (starts from 2010/12/11 to 2010/12/18), (c) Landsat image taken on 2010/11/13, (d) Landsat image taken 
on 2010/12/15, (e) SWO map, (f) DEM map, (g) HC map derived from the Landsat image in (d), (h) STPSA map, (i) STARFM map, (j) STSWM map. In the MODIS and 
Landsat composite images, RBG = SWIR-2, NIR, and Green bands. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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5.2. Comparison between the STSWM and the methods that used only 
Landsat images 
In this paper, the proposed STSWM was used to predict surface water 
maps at an 8-day step. Although the Landsat images can be acquired 
every eight days in some parts of the world using a combination of 
Landsat 5, 7, and 8, about 35% of Landsat images are contaminated by 
clouds (Ju and Roy, 2008). In contrast, the STSWM can predict the 
presence of surface water even for cloud pixels in the MODIS composite 
image by using an adaptive moving window to select similar pixels and 
labeling the 30 m pixels within the MODIS cloud pixels. In addition, the 
Landsat 7 images are affected by striping, while the STSWM is capable of 
selecting ancillary Landsat images that are free of striping. In the Parana 
River experiment, less than ten cloud-free and stripe-free Landsat images 
Fig. 13. The stratified estimator of overall accuracies of the STSWM maps in the six sites. The margin of error in the bar indicates the standard error. A total of 200 
samples were used in the validation. The samples covered by cloud, shadow or striping in the Landsat image within the period represented by the MODIS data were 
excluded in estimating the accuracy of the corresponding STSWM map. The overall accuracy of an STSWM image was not estimated if more than 40% of the samples, 
i.e., 80 samples, were excluded. 
Fig. 14. The stratified estimator of producer’s accuracy of water of the STSWM maps in the six sites. The margin of error in the bar indicates the standard error. A 
total of 200 samples were used in the validation. The samples covered by cloud, shadow or striping in the Landsat image within the period represented by the MODIS 
data were excluded in estimating the accuracy of the corresponding STSWM map. The producer’s accuracy of water of an STSWM image was not estimated if more 
than 40% of the samples, i.e., 80 samples, were excluded. The red ellipse indicates the accuracy of STSWM that had a drastic surface water change during the period 
between the prediction time and the time of ancillary data. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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were available in the chosen year, which affected the monitoring of the 
surface water at a high temporal resolution. The STSWM was able to 
predict 30 m surface water maps at an 8-day time step, demonstrating 
the advantage of fusing MODIS and Landsat data when creating high 
spatiotemporal resolution water maps. 
The STSWM was compared with the GSW monthly water history 
maps for the study areas. The GSW datasets were affected by clouds, 
stripping, and the availability of Landsat data in some months. For 
instance, there is no Landsat image of the zoomed-in area in Fig. 9(f) for 
June in the Parana River experiment. In contrast, the STSWM provided 
water maps with a denser temporal frequency, which is helpful for 
monitoring surface water dynamics. 
5.3. Limitations and future research 
Although STSWM can predict water maps for cloud and shadow 
contaminated regions, a higher area percentage of cloud and shadow in 
the MODIS scene would reduce the accuracy of the STSWM maps. The 
detection of cloud and shadow from MODIS images contains uncer-
tainty. If the cloud and shadow are not detected in the MODIS image, 
STSWM would probably unmix the shadow MODIS pixels as water area 
since water and shadow are usually spectrally similar (Li et al., 2013b). 
For instance, the water extent highlighted in the black circles in Fig. 10 
is actually the result of shadow in the MODIS image. The high per-
centage of cloud and shadow would probably result in high commission 
error of water. This is found in Fig. 15 in the quantitative results, in 
which STSWM generated a relatively lower user’s accuracy of water in 
the Poyang Lake site with the highest cloud percentage shadow in the six 
sites. In addition, if the cloud and shadow are correctly detected in the 
MODIS image, the uncertainty brought by the cloud and shadow is not 
negligible in water mapping from STSWM. STSWM uses prior informa-
tion about water distribution to map water for cloud and shadow MODIS 
pixels. The STSWM prior information, i.e., the water level should be 
relatively uniform for inundated surface water areas in a local region, 
may not suit if the cloud and shadow extent is too large. In this case, 
STSWM has to search for local similar pixels that are spatially far away 
(Section 2.1), and the uncertainty in STSWM increases correspondingly. 
In general, although the water maps from STSWM are temporally more 
dense than those produced from only Landsat data such as the GSW 
(Pekel et al., 2016) and Global Land Analysis & Discovery (GLAD) 
(Pickens et al., 2020) data in which the cloud and shadow pixels are 
viewed as bad data, the uncertainty brought by the cloud and shadow in 
STSWM may result in high commission error of water than the GSW and 
GLAD data. Advanced methods to correct the cloud and shadow 
contaminated water maps, such as the method based on the histogram of 
the occurrence image (Zhao and Gao, 2018), should be developed to 
further enhance the STSWM model. 
The STSWM performance is affected by the SWO data that provides 
bathymetry information. STSWM used the SWO from GSW layers pro-
duced according to the 30 years of Landsat data to represent the ba-
thymetry. The bathymetry could change due to the land cover type 
changes caused by the activities such as the deliberate human river 
diversion, the building of man-made reservoirs, and the lake’s trans-
formation to land. In such circumstances, the SWO data produced from 
historical Landsat observations may be improper to represent the ba-
thymetry used in STSWM. In addition, the SWO data used in this paper is 
produced from the JRC GSW monthly water history maps, which 
represent if water is detected in a pixel in a month. Other SWO data may 
introduce different information about surface water occurrence infor-
mation for STSWM. For instance, the GLAD global surface water dy-
namics data provides the month water percent layer calculated each 
month for 1999–2018 (https://www.glad.umd.edu/dataset/global-sur 
face-water-dynamics), which could be explored in STSWM in the 
future. The GLAD data also mapped surface waters in high latitudes in 
Dec. and Jan., which could provide different bathymetry information 
than the JRC GSW data for STSWM. 
The performance of the STSWM is also affected by the accuracy of 
water fraction images from spectral unmixing. First, only the mean 
spectral values of each sub-class were used as the endmembers. Second, 
the linear spectral unmixing was applied to the MODIS image for 
simplicity and computational efficiency. The spectral response from 
different classes could be mixed non-linearly, and the potential of other 
Fig. 15. The stratified estimator of user’s accuracy of water of the STSWM maps in the six sites. The margin of error in the bar indicates the standard error. A total of 
200 samples were used in the validation. The samples covered by cloud, shadow or striping in the Landsat image within the period represented by the MODIS data 
were excluded in estimating the accuracy of the corresponding STSWM map. The user’s accuracy of water of an STSWM image was not estimated if more than 40% of 
the samples, i.e., 80 samples, were excluded. The red ellipse indicates the accuracy of STSWM that had a drastic surface water change during the period between the 
prediction time and the time of ancillary data. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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unmixing algorithms could be explored to reduce the spectral unmixing 
error in the production of the water fraction image (Yuan et al., 2020). In 
addition, the STSWM is also affected by the accuracy of the 30 m surface 
water map derived from the ancillary Landsat data at t0. In this study, 
the 30 m surface water map was derived using an automatic method 
which first derived an MNDWI map from the Landsat data and then used 
Otsu thresholding to identify the water and land. In addition to the 
MNDWI, the use of a different water indexes in the STSWM model could 
be explored in the context of water extraction from the Landsat image 
(Fisher et al., 2016). In addition, the STSWM model did not use any 
ancillary information about land covers in the study region. If there are 
available training samples about water and other land covers in the 
Landsat image at t0, more advanced classification methods based on 
machine learning and deep learning can also be applied to generate the 
surface water map at t0 (Isikdogan et al., 2017). 
In this study, the inputs of the proposed STSWM only include one 
pair of MODIS and Landsat images. This ensures that the STSWM can 
monitor flooding and inundation at a nearly real-time frequency using 
one pair of MODIS and Landsat images acquired temporally close to and 
pre-dating the prediction period. The STSWM can also be extended to 
include two pairs of MODIS-Landsat images, one acquired before and the 
other acquired after the prediction date. In the solution, the STSWM can 
use both the surface water maps generated from the pre- and post-dated 
Landsat images to spatially filter the initial surface water map using the 
similar water likelihood pixels, assuming the surface water maps from 
each Landsat image can provide complementary surface water distri-
bution information. 
6. Conclusions 
In this paper, a new STSWM method that uses a pair of Landsat- 
MODIS images products and SWO and DEM data was proposed to 
generate 30 m spatial resolution surface water maps at an 8-day time 
step. Unlike other spatiotemporal superresolution land cover mapping 
algorithms used for multi-class mapping and spatiotemporal image 
fusion algorithms used to generate Landsat-like reflectance images, the 
STSWM directly maps the 30 m resolution surface water data and its 
changes. The proposed method both visually and quantitatively out-
performs STPSA and STARFM methods. The key to its performance is the 
inclusion of SWO and DEM data, which provide the topographic infor-
mation required for predicting the spatial distribution of the water. The 
STSWM could predict water maps even though cloud cover was present 
in the MODIS images using local topology information, while the STPSA 
and STARFM could not map the surface water in cloudy regions. 
STSWM incorporated the high temporal frequency MODIS data, and 
generated temporally more continuous surface water maps than those 
based only on Landsat data. In contrast to the GSW monthly water his-
tory maps, which may fail to detect the surface water changes due to the 
presence of cloud cover and the lack of available Landsat data, the 
STSWM was able to predict 30 m surface water maps at an 8-day time 
step that more clearly represent the surface water dynamics. The 
STSWM is especially capable of monitoring the changes in the surface 
water in heterogeneous landscapes. It has a great potential for increasing 
our understanding of the surface water dynamics in large areas at a fine 
spatiotemporal resolution, which would facilitate water resources 
management. 
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